As the topological properties of each spot in DNA microarray images may vary from one another, we employed granulometries to understand the shape-size content contributed due to a significant intensity value within a spot. Analysis was performed on the microarray image that consisted of 240 spots by using concepts from mathematical morphology. In order to find out indices for each spot and to further classify them, we adopted morphological multiscale openings, which provided microarrays at multiple scales. Successive opened microarrays were subtracted to identify the protrusions that were smaller than the size of structuring element. Spot-wise details, in terms of probability of these observed protrusions, were computed by placing a regularly spaced grid on microarray such that each spot was centered in each grid. Based on the probability of size distribution functions of these protrusions isolated at each level, we estimated the mean size and texture index for each spot. With these characteristics, we classified the spots in a microarray image into bright and dull categories through pattern spectrum and shape-size complexity measures. These segregated spots can be compared with those of hybridization levels.
Introduction
Recent advances in human genetics have enormous implications for the future (1 , 2 ). The new knowledge has created several scientific fields such as bioinformatics, pharmacogenomics, and others. Bioinformatics, also called biological computing, includes the storage, retrieval, and comparison of DNA sequences within the human genome and between genomes of different species. It is a field that offers various tools and techniques to deal with, in particular, data analysis problems, genomics, proteomics, medical informatics, computational biology, and many others (3 ) . The tools of bioinformatics are powerful computers and sophisticated software used to manage and analyze the biological gene data. One of the recent advances in the field of bioinformatics is the analysis of gene expression levels in microarrays using image processing techniques. DNA microarrays allow researchers to compare the activities of thousands of genes in normal and cancer cells. It is known that cancer disease exhibits altered patterns of gene expression. DNA microarrays have the potential to identify genes that can be targeted by therapeutic drugs. A typical microarray image consists of a few hundreds to several thousands of spots. The extent of hybridization of these spots determines the level of gene expression in the sample. DNA array forms an orderly arrangement of samples for examining gene expression and is known as gene expression array. These gene chips are paradoxically referred to as microarrays.
Microarray chips consist of various spots with varied degrees of luminescence. The motivation for the present investigation is from the fact that the luminescence property of each spot explains the hybridization level. Present investigation aims to classify DNA microarray images based on various structural and morphological characteristics. DNA microarray image analysis is an important topic from the point of view of bioinformatics. Through applications of image analysis techniques, several studies addressing microarray image classifications were carried out earlier (3) (4) (5) (6) (7) (8) (9) (10) . A microarray consisting of several spots with varied gene expression levels is a gray level image. The gene expression level of a spot can be observed through its luminescence. In other words, the brightness, which is expressed in terms of gray level of each spot, needs to be investigated by image processing tools. However, a microarray has spots of several categories ranging from very dull to very bright luminescence. The higher the brightness, the higher the gene expression level, and vice versa. To classify these spots automatically, one of the potential techniques is the pattern spectrum procedure. It is proposed to implement the pattern spectrum procedure on an available DNA microarray image for the purpose of classifying its spots.
In this work, we investigated DNA microarray images based upon the luminescence characteristics using morphological tools. These processed images were analyzed for changes during the processing phases. The changes were quantified using parameters that reflect the shape and size of the spots being analyzed. They exhibited a unique pattern during processing for spots with different luminescence.
Basic Morphological Transformations
In order to understand the granulometric analysis, we briefly explain the basic morphological transformations such as erosion, dilation, opening, and closing. Morphological operations will be performed on the grayscale image (f ) by means of a binary structuring element (B). The structuring element (B) is like a matrix of size n × n (n ∈integers).
Erosion of an image f by octagon B = (f B) (1) Dilation of an image f by octagon B = (f ⊕ B) (2) Opening of an image f by octagon B = (f • B)
Closing of an image f by octagon B = (f • B)
Multiscale transformations of the four basic types given in (1)-(4) are expressed as:
By following a specific criterion, image (f ) will be transformed by convoluting it with the structuring element (B). Morphological erosion is nothing but replacing a center pixel with the minimum intensity value from the neighborhood positions where there will be 20 neighborhood values. We consider an octagonal type of element of size 5×5 ( Figure 1C ). Performing this operation twice with similar characteristic information of the structuring element gives the effect of morphological erosion of the image by structuring element of size 9×9. The reason behind choosing an octagonal template is that it is a circular disk in eight-connectivity grid (11 ) . This transformation can be iteratively performed to achieve multi-scale morphological erosion. In contrast to this transformation, for morphological dilation, the central value within the specified sub-image in terms of structuring element will be replaced with maximum value occurring in the neighborhood positions. By following this minimum and maximum criteria through convolution, an image can be transformed by desired morphological transformation. Morphological erosion and dilation will make the image darker and brighter respectively. Increasing the levels of iteration can increase the area extents of these zones. The combination of morphological erosion followed by dilation forms a transformation called opening. This opening transformation can be performed with increasing size of structuring element to have the effect of multi-scale opening. By systematically increasing the size of the structuring element with equal intervals, granulometries can be performed. For more details on the basic morphological transformations and their wide-ranging applications, readers may refer to Serra (12 ) .
To unravel several important spot characteristics, we employed these morphological transformations in a systematic way on a sample microarray image (Figure 1A) with an aim to compute spot-wise pattern spectrum (4 ), in other words, gray level granulometries and shape-size complexity measures. With these characteristics, we classified the spots in a microarray. In the section that follows we provide a simple but elegant framework, based on mathematical morphology, to unravel various morphological characteristics of microarray spots.
Proposed Method of Analysis
We recorded the spatial coordinates of each spot embedded within a grid that we placed on the microarray image such that each spot was centered in the respective grid ( Figure 1B ). Further, we computed general statistics of each spot within the specified grid to understand the dynamic range. Shape-size complexity measures, such as average size and roughness of each sub-image consisting of a spot, quantified the level of gene expression. We considered a microarray data that consisted of 240 spots ( Figure 1A ). It is obvious from these data that the spots with varied levels of gene expression were conspicuous in terms of gray levels. Let f (x, y) denote a gray level microarray image consisting of regular spots with varied dynamic ranges that reflect the hybridization level. From the spot-wise histograms, we understood that the higher the dynamic range, the higher the hybridization level. Each spot in this image ( Figure 1B ) was appropriately indexed from the spot starting from the left to the right and from the top to the bottom. In other words, an equally spaced square grid was placed on the spots such that each spot was symmetrically embedded within the grid. The coordinates of each grid were considered as the spatial coordinates of a sub-image consisting of a spot. This exercise facilitated to estimate spot-wise gray level distribution and other measures. We performed gray scale granulometries on the entire image by employing an octagonal type of structuring element ( Figure 1C ). Probabilistic size distribution and its density function were computed to estimate the contributing area due to a significant gray level.
To perform granulometries, the opening transformation is employed. Structuring element (B) in this work is a matrix of primitive size 5×5 ( Figure 1C) . B is of octagon shape and is symmetric with respect to the origin.
The emphasis in this section is to develop a framework to understand the gene expression levels that are depicted in the form of varied luminescence values in each sub-image. To avoid extensive computations where it may require the analysis of 256 gray levels since we considered an 8-bit microarray chip, the microarray image of size 810×470 pixels was transformed into multiscale images by performing iterative openings up to 20 cycles by means of a binary octagonal structuring element. The reason for performing opening up to 20 cycles is due to the fact that after 20 cycles of iterative openings, the spots in the microarray image are vanished. To compute the pattern spectrum for each spot and the whole microarray image, we subtracted the succeeding levels of opened images by taking the algebraic difference among these images as below:
The non-zero pixels that are lost from successive levels of opened microarray images provide areas (A). These areas provide the basis to construct pattern spectrum values by means of octagonal element, which we express as
Let f represent a gray level image of DNA microarray consisting of several spots with different luminescence. To compute probabilistic size distribu-tion and probability size density functions, we performed multi-scale opening by increasing the size of the binary structuring element iteratively up to "n" number of times (Figures 2A-U) . In these figures, the evolution of spots under the influence of multiscale opening is obvious. Figures 2I-U show significant different information from that of Figures 2A-H , which is due to the fact that certain spots that possess varied gray level compositions are filtered out. This process is also called granulometry that is shown as:
where n ranges from 0 to N.
From these granulometries, we compute pattern spectrum (PS) as
where n is greater than or equal to 0. Eq. (10) implies that the PS equals the area occupied by the image obtained by subtracting the image opened using B n+1 from the one opened using B n . This subtraction is nothing but the algebraic difference between the two images. We then computed pattern spectrum values for each spot ( Figure 1B) . The four parameters that we computed for each spot include pattern spectrum, probability function, average size, and average roughness. Probability function is an important estimate that we computed by following a simple framework based on multiscale opening, algebraic difference between the two functions, total area of the sub-image consisting of a spot, and pattern spectrum. The algebraic difference between two functions is the difference between the image opened by n th size of structuring element (B n ) and the one opened by (n+1) th size. The information that is lost will be attained through this algebraic difference. The information loss was quantified through number of pixels ( Figures 3A-T) . We term this algebraic difference as pattern spectrum. The pattern spectrum at respective opening cycles is employed to compute the probability function as below:
where p λ = probability function, p x = pattern spectrum, A(X) = area of the original function (original image size), B = structuring element, K = size of the structuring element.
Further, we estimate average size and average roughness for each spot by employing these probability functions as follows:
Average size:
Average roughness: To summarize, this whole study provides a simple framework to classify DNA microarray spots into several categories. The steps of the proposed method are given in Figure 4 . Fig. 4 Steps of the proposed method of analysis.
Results and Discussion
Spot-wise (Sub-image-wise) pattern spectrum values were computed for all 240 spots in the microarray image by computing the area of non-zero pixels (A) that existed in the respective subtracted images. Equation (8) enables this step. A sequence of these subtracted images is illustrated in Figure 3 (A-T) . To have a better visibility, the subtracted images are equalized histograms. Table 1 depicts spot-wise spatial coordinates, average size, and average roughness. By employing equations (11)-(13), we estimated respectively the probability functions, average size, and average roughness for each spot.
On physical correlation, it is observed that the spots with higher luminescence have higher roughness. It may be inferred that the higher the roughness of a spot, the higher the luminescence and thus the hybridization or gene expression level. Spot-wise average size and roughness values are graphically represented for better legibility ( Figures 5A and 5B) . A simple double-logarithmic graph between average size and average roughness for all the 240 spots is shown in Figure 5C . It is observed that brighter spots form a cluster on positive side (above the horizontal axis) of the graph. By employing these roughness and size values, one can classify these spots using a threshold limit in an automated manner. From Table 1 , we can infer that spots with roughness values between 0.8 and 1.1 represent bright ones.
From this analysis, the larger values of average size estimated by the pattern spectrum procedure indicate spots with higher luminescence characters. Meanwhile, roughness values would provide a basis to understand the topology-based classification. The bright spots that are obvious from Figure 1A 
Conclusion
This study provides a simple framework to classify DNA microarray spots based upon their gene expression levels. This work demonstrates possibility to unravel topological characteristics of microarrays using powerful computers and established tools like mathematical morphology. These characteristics provide new insights in understanding microbiological phenomena in a quantitative manner.
A brief idea about the gist of this work is to identify the presence of gene expression level in the desired DNA sequence. The DNA sequence is converted into a microarray image, which is a gray level image depicting gene expression levels in terms of intensities. Analysis of this microarray image is performed by using concepts from mathematical morphology and computational tools. Then, the spots in the image are categorized based on the average roughness values into bright and dull categories. The motivation for this work is to show a relation between the roughness value and the brightness of a spot. From this study, we can infer that the average roughness is proportional to the brightness or luminescent property of a spot, which is proportional to its gene expression level or hybridisation level. From the sample microarray spot image considered, based on this approach, the salient features observed include:
1. Larger values of average size estimated by the pattern spectrum procedure indicate spots with higher luminescence characters. Using morphology, the rich topological properties extracted from DNA chips are immensely valuable to cell biologists and scientists who study the roots of cancer and other complex diseases. The application areas include the research on gene function, gene pathways, disease classifications, and disease origin. The parameters (shape-size complexity measures) that we computed may change as we change the characteristic information of the structuring element. By changing the structuring element or template, we plan to characterise the spots in our future studies to generate a spectrum of these topological parameters.
Materials and Methods

Array fabrication
Array fabrication involved preparing a glass slide, obtaining the DNA sequence representing genes of a genome of interest, and depositing (printing) the cDNA sequences on the glass slide. A cDNA sequence, called a cDNA probe, was selected to make the arrays. In order to get this cDNA sequence, one requires cDNA clones and cDNA library. Each cDNA clone was amplified to get many copies using the PCR (polymerase chain reaction) technique. After amplification, the PCR product (the liquid containing the amplified cDNA probes) was deposited on the polylysine-coated glass slide using a set of microspotting pins. A typical example was the spotting of more than 6,000 different PCR generated DNA samples on a polylysine-coated slide measuring 18×18 mm 2 . The drops of solution containing cDNA probes formed the spots on the array.
Sample preparation
The experimental material was a tissue sample from a patient. From the cell, total RNA was extracted and
